The combined use of PolSAR and hyperspectral data can improve the classification accuracy. This paper proposes a new classification approach for combining use of PolSAR and hyperspectral image data sets. At the first step, polarization signature is generated from coherency matrix of PolSAR image data. In the second step, in order to improve spatial resolution, the Hyperion image was pansharped with the ALI Pan image. In the third step, the Random Forest (RF) classifier is used for classifying PolSAR and hyperspectral data sets in five different classes including: Water (Wa), urban area (Ur), vegetation (Vg), road (Ro), and soil (So). Then, in order to fuse the output of RF for incorporated two data sets, simple majority voting (MV) and weighted majority voting (WMV) methods are used. Three UAVSAR, Hyperion and ALI images that acquired on April 2015 was chosen for this study. The results showed the ability of the polarimetric data for classifying urban and vegetation, and hyperspectral images for water, soil and road classes. Also, the combination of two data sets by using of WMV method causes the improvements of the classification performance.
INTRODUCTION
Land use/cover information plays an important role in environmental assessment, planning and management in regional development. Remote sensing images play an important role in providing information about land use/cover (Foody, 2002) . For each pixel in a hyperspectral image, a continuous spectrum is sampled that can be used to identify different objects by the reflection of that object. One of the limitations of hyperspectral images is that it provides no surface penetration (Bordbari, et al. 2015) . In order to overcome this limitation and improve the efficiency of hyperspectral imaging system and improve the classification accuracy, the combination of polarimetric SAR (PolSAR) and hyperspectral data is carried out. Microwaves used in radar images have the potential to penetrate the surface (especially the foliage and tree canopy) and interact with the surface below it, as well as provide information on the geometry and dielectric properties of the target (jafari, et al. 2015) , and hyperspectral images provide information from the surface of the target (Borghys, et al. 2007 ). Thus, it is possible to identify two complementary data types. Thus, the combination of PolSAR and hyperspectral data can increase the ability to identify and classify land use/cover classes.
STUDY AREA AND DATAS ET
The study area is located in San Francisco city in United states. Three UAVSAR, Hyperion and ALI images that acquired on April 2015 are used for this study. Table 1 and Table 2 shows the characteristics of the EO-1 and UAVSAR satellite data. 
EO-1 ALI-PAN Hyperion
The 
METHODOLOGY
The method used in this paper consists of five basic steps: (1) Pre-processing of three PolSAR, Hyperspectral, and ALI images.
(2) Extracting the polarimetric signature. 
Pre-processing
To reduce the speckle noise in UAVSAR image, a box filter with 33 dimensions is used. For Hyperion images, firstly bands with low signal-to-noise ratio were removed. Then, the defective columns of the image were replaced with the mean values of adjacent column. Finally, FLAASH atmospheric correction was used to eliminate atmospheric effects. The next step is, image coregistration: Image co-registration is the process of geometrically aligning two or more images to integrate or fuse corresponding pixels that represent the same objects. To make it possible to combine two datasets, both must have the same spatial resolution. For this purpose, the spatial resolution of both images has been changed to 10.0 meters. The spatial resolution of the UAVSAR image was reduced to 10.0 m using resampling. On the other hands, the Hyperion image, which has a spatial resolution of 30.0 meters (after pan-sharpening with panchromatic band of ALI (Section 3.3)) improved to 10.0 m spatial resolution.
Polarization signature
Polarimetric signature is a three-dimensional representation that demonstrates the polarimetric information. Two dimensions relate to polarization ellipse geometric parameters. ellipticityand orientation angles-. The third dimension also relates to the target's response (Van Zyl, et al 1987) . Generally, the back scattering of the target is the function of two polarizations: incident and backscattered polarizations. If polarization of the incident and backscattered wave is the same, polarimetric signature is obtained in co-polarized state, and if two polarizations are perpendicular to each other, polarimetric signature is obtained in cross-polarized state (Van Zyl, et al 1987) . The scattering matrix is used to describe and analysis of backscattering of pure and coherent targets. But for the real targets, who's their backscattering is a partial polarize, using the scattering matrix for the analysis is difficult. Hence, the second order descriptors that extracted by scattering matrix is employed to increase information extraction and reducing the errors (Nasr and Abdelhamid, 2016 
where v and h represent the vertical ( = 0° , = 90°) and horizontal ( = 0° ، = 0°) polarization basis, respectively. The S hv * is the conjugated of S hv . according to (Lee and Pottier, 2009) and (jafari, et al. 2015) , to generate the polarimetric signature form coherency matrix, firstly the k matrix is calculated through Eq. (2).
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The equation (3) is used to compute the backscattered powers in different polarization basis for both co-polarization and cross polarization.
where V can be computed from Eq. (4) for both transmission and receive modes.
Eq.
(3) is used to compute the polarimetric signature in two copolarized ( = ) and cross-polarized ( = ⊥ ) cases, in which the values of and are in the range 0:180 and -45:45, respectively. The polarimetric signature for Trihedral in Co and Cross polarized cases are shown in Figure 3 . 
Pan-sharpening (fusing) of Hyperion and ALI images
One of the most important processes used in remote sensing is data fusion. In general, fusion in remote sensing is always done to improve data quality and increase the performance of analyzes. usually in remote sensing image fusion, information from two different sensors is shared. Fusion in remote sensing is performed on three levels (Seydi, Hasanlou 2018): (1) Pixel level, (2) Feature level, and (3) Decision level. One of the most important techniques for pixel-level fusion is the Pansharpening technique (Yokoya, et al. 2017 ). This technique is a fusion of a panchromatic image and a multi-spectral or hyperspectral image that is simultaneously provide from a region. The purpose of this fusion is to combine the spatial detail of the panchromatic image (which is not in the hyperspectral image) with the spectral bands of the hyperspectral image (vs. single-band of panchromatic image). This paper proposes a new classification approach base on fusion of Hyperspectral and PolSAR images. The proposed method is a fusion in decision level. For this purpose, Hyperion and UAVSAR images that used in this study, need to have the same spatial resolution. Hyperion image have a spatial resolution of 30.0 meters. The Panchromatic band of ALI, which has a spatial resolution of 10.0 meters has been used to improve the spatial resolution of Hyperion. After fusing PAN image of ALI with Hyperion data, a high-resolution spectral that also has a spatial resolution of 10.0 meters is made. According to 3.1, UAVSAR image also has a spatial resolution of 10.0 m, and two data sets are ready to be fused.
Random Forest
Random forest (RF) is a supervised classification method that is based on multiple decision trees during the training of the algorithm, which is the output of each decision tree is considered as one class (Breiman, 2001) . RF classification uses random or combination features of each sample to grow a tree. Each sample (pixel) is assigned to a class that has the maximum votes among all voters (classifier trees) (Breiman, 2001) . The number of features used per pixel to construct a tree and the number of trees that need to grow are two user-defined parameters for constructing a random forest classification. For each pixel, only the selected features are searched for the best division. Therefore, the classification of a random forest consists of N trees, where N is the number of trees that grow, and these trees can have any defined value by the user. To classify a new data set, each item in the data set is passed to each of N trees. The forest, chooses the class with the highest number of votes from the N trees (Pal, 2005) .
Objective Majority Voting
One of the simplest methods to combine the outputs of several classification algorithms is majority voting (MV). (Kuncheva, 2014) . Majority counts the number of votes per class for entries and select the class with the maximum votes (Orrite, et al. 2008 ).
There may be some ambiguity in the MV method (Khosravi, et al. 2017 ): First, two or more classes have the highest number of votes. Second, none of the classes has the highest number of votes. Due to the above problems, MV cannot decide explicitly for all samples. In order to solve this ambiguity, a weighted majority voting (WMV) method has been used to develop the MV method as follows:
(1) When the number of votes for a class is greater than or equal to + (n is equal to the number of decision trees) or, when the number of votes in a class is maximized, the WMV will become a simple MV method.
(2) When the number of votes is equal to two or more classes, the WMV makes a decision based on the ratio between producer accuracy and user accuracy as follows: if the sum of ⁄ (i: class index) is maximized.
(3) When all classes have only one vote, OMV is based on overall accuracy. The class is the winner whose output has the highest overall accuracy.
RESULTS
Based on the methodology described above, the results are showed in Figure 4 . Overall Accuracy (OA) and Kappa coefficient (Congalton, 1991) derived from the RF classification in six, co-polarized signature, cross-polarized signature, the combination of co and cross polarized signature, hyperspectral, combination of polarimetry and hyperspectral with MV and WMV for the study area and for five class are presented in Table 4 . Final confusion matrixes derived from the RF classification and Weighted Majority Voting method for the study area and for five class are presented in Table 5 . Figure 5 illustrates the land cover map of study area that produced from proposed method. 
CONCLUSION
This paper proposes a new classification approach for combined use of PolSAR and hyperspectral image and RF classification method. Analysing the ability of the polarimetric and hyperspectral data to identify and classify the various land cover classes shown the ability of the polarimetric data for classifying road and Soil, and hyperspectral images for water, urban and vegetation classes. Also, the combination of two data set by using of majority voting method causes the improvements of the classification.
